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New High Throughput Technologies

Sequencing of the human genome, and the genomes of other model
organisms, such as yeast, 1s completed or well underway.

DNA microarray hybridization technology allows probing fluorescently
tagged cDNA copies of mRNA from a single sample with thousands of
DNA targets or synthetic oligonucleotides simultaneously.
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Brown & Botstein, Nature Genetics 21, 33 (1999);
Lipshutz, Fodor, Gingeras & Lockhart, Nature Genetics 21, 20 (1999).



New BlOlOgy — DNA >.—>‘—>

These new data promise to enhance fundamental understanding of life
processes on the molecular level, and may prove useful in medical
diagnosis, treatment and drug design.

Clustering analyses already proved useful in assigning function to novel
genes, 1dentifying new promoters and classifying tumor tissues.

Genomic Signal Processing

Alter, in preparation for the Wiley Encyclopedia of Biomedical Engineering.

The data are in large quantities.

Artifacts are superimposed on the data.

Additional data need to be understood in light of the
genomic data.

Existing small genetic networks models, when applied
to genomic data, appear inconsistent.




Data-Driven Models for Genomic Data

Mathematical frameworks for the description of the data, in which the
mathematical variables and operations may represent some biological

reality.
-
Analysis

Complex Data  Simple Models Simple Laws

Analogous Problem:
Machine Vision

Genomic signals appear complex,
easily understood by the biological

system = may be governed by
simple laws.
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SVD Modeling of
Genome-Wide Expression Data

Alter, Brown & Botstein, PNAS 97, 10101 (2000);
Alter, Brown & Botstein, Proc. SPIE 4266, 171 (2001);
http://genome-www.stanford.edu/SVD/.

SVD formulates genome-wide
expression as a superposition of the

: Gene B
genome-wide effects of several

independent sources of expression, such Source B

as regulatory programs, biological o

processes and experimental artifacts. S
Source M

— Data Normalization
— Data Classification
— Additional Data Incorporation



Singular Value Decomposition (I)

Linear transformation of gene expression data from genes X arrays space
to reduced diagonalized “eigengenes” X “eigenarrays’ space.
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Singular Value Decomposition (II)

The eigengenes and eigenarrays are data-driven unique (except for a
phase of £1 and in degenerate subspaces), orthonormal (decorrelated
and normalized), and decoupled superpositions of genes and arrays.
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Does the decomposition of the genes (and arrays) expression to
eigengenes (and eigenarrays) unravel the biological generation of the
expression signal as a superposition of several cellular processes,
biological and experimental (and the corresponding cellular states)?



SVD is linear transformation of the expression data from the N-genes X

M-arrays space to the reduced L-“eigenarrays” X L-“eigengenes’ space,
where L = min{M, N},
1

€ — UED

The “probability of eigenexpression” indicates the relative significance of
the [th eigengene and eigenarray in terms of the fraction of the overall

expression that they capture

2, L 9
p; — € > €.
=@ 2

The “normalized Shannon entropy” measures the complexity of the data
from the distribution of the overall expression between the different eigen-

genes (and eigenarrays),

-1 L
O0<d=—F< % lo <1.
~ lOg(L) kzlpk g(pk> —=

The transformation matrices @ and v are both orthogonal,

uTu:vTU:I,

where I is the identity matrix.



Math Variables — Biology (I)
Significant eigengenes — independent biological
processes and experimental artifacts:

90% of expression 1s steady state,
2.5% 1s day-of-hybridization artifact,
less than 7.5% 1s periodic —

Weak Signal Detection
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Math Operations — Biology (I)
Detection of artifacts —»
Filtering data without eliminating genes or arrays:

Normalization

Center data at additive steady state (and filter out
additive day-of-hybridization artifact) ...

(a) Arrays (b) Eigenexpression Probability c) Arrays
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. and normalize by multiplicative steady variance
(and filter out multiplicative day-of-hybridization
artifact).



Filter out the 1st and 2nd eigengenes (and eigenarrays) of the CDC15
dataset, removing the steady state of expression and day-of-hybridization

additive artifacts,

e — ec = e —eplag) (11| — eglag)(1al.

Let ery tabulate the natural logarithm of the variances in expression, such

that each element of €5, satisfies forall 1 <n < N and 1 <m < M,

(nlépylm) = log((nléqlm)?).

Filter out the 1st and 2nd eigengenes of €1/, removing the steady scale of

expression variance and day-of-hybridization multiplicative artifacts,
€LV — €CLV = €LV
— e rvien) v vl — e pvileo) py Lyl

Each element in the normalized dataset ey tabulates for each gene and
array expression patterns that are of approximately zero arithmetic means

and of approximately unit geometric means,

(nlelm) = sign(ec ym )\ eXPlec Ly nm)-




Math Variables — Biology (II)

Two dominant and periodic eigengenes of similar
significance, and corresponding eigenarrays, span the

Cell Cycle Subspace:

(a) Arrays (b) Eigenexpression Probability (c) Arrays
d = 0.52
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Math Operations = Biology (II)

Detection of biological signals —

sorting the data according to the eigengenes and
eigenarrays, rather than overall expression:

Classification
Traveling Wave of Expression (I)

(a) Arrays (b) Eigenarrays (c) Expression Level
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Consistent model for the expression of almost the full

yeast genome during cell cycle.

— Which yeast genes exhibit periodic expression
during the cell cycle?

— Is there a relation between DNA replication and
RNA transcription?



Math Operations — Biology (I1I)
Degeneracy of eigengenes (eigenarrays) subspace —
Unique rotation of eigengenes (eigenarrays) for
better data interpretation and presentation:

Additional Data Incorporation

CIn3, Clb2 genome—wide effects = =+ first eigengene
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Approximate the 1st, 2nd and 3rd eigenexpression levels of the « factor,

CLB2, and CLN3 dataset with

€1,RN =€2.RN = €3 RN =
J(g%,N +e5 v T3 n)/3:

First, rotate the eigengenes (and corresponding eigenarrays) requiring the
rotated 2nd eigengene to describe equal expression in the CLBZ- and

CLNS-overactive arrays |agg) and |asy),

YN — Rilv) Ny = €osp1ly) y + Sinpq]v9) v,
79) v — Rilyo) Ny = —sSIp1|y1) y + €OS p1|v9) N

Second, rotate the eigengenes requiring the rotated 3rd eigengene Rghg} N

to describe equal expression in these arrays,

Rilv) N — RoR1|v1) Ny = cOSpaR1|yv1) Ny + SN pa|v3) iy
v3) v — Ralv3) v = Sinpg Ry |v1) v — COS po|v3) N



Math Variables — Biology (I1I)

Significant eigengenes and eigenarrays — genome-
wide effects of regulators, and samples in which these
regulators are overactive, respectively:

Cln3, Clb2 genome—wide effects = =+ first eigengene
Cln3, Clb2 overactive samples = =+ first eigenarray
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Traveling Wave of Expression (II)

Cln3, Clb2 overactive samples = =+ first eigenarray

(a) Arrays (b) Eigenarrays (c) Expression Level
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— Are there only two cellular modules that drive the
yeast cell cycle?

— Can we design a synthetic genetic network
analogous to the LC circuit, which would simulate
the yeast cell cycle?
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S20°0

S20°0-
G20°0

0 , il 1 ,EEEF ,Er

Schaner et al., in preparation.

SZ0°0—
HTO_SOAO_MP7_0Z1FqU
T 8DAQ_Ayy_£ 139U
ITO_0EPAO MY P—_EGTZRY
IO LZYAO_Myy_97I2BY
XINAANT OTAQO_Myy—_67 22U
¥dS GAO_Mpp—_8%TZey

¥aS_€yA0 Y P-—-81089Y
¥AS_TTAO_Av7—_v108qY

o
]
%)
00
N
~i
I
>
O
N
=
O
—
N
o
o

m.
s I
s I
S T
s T
s I
S I
S T
s I
us
S T
S I
s I
s I
JIS_ETVAO_MEC_0L0ZYUS r
NHS_STPAO_MEZ_[L0ZUS |-
9IS 8TpAO_MEZ_870ZUS |-
_MAS_FTPAO_MEC_9[0ZUS |
dWT ¥dS_LTPAO_MEZ_9ETZYS r
GES_TIPAO_ME{_belzUs |-
935 [0yAO_MEZ_TL0ZUS |-
¥ES 86AO_NMEC_[Z1ZUS |
ITO_€0TAO_MEC_0ETZYS r

TIS €67A0 MEZ_180ZUs | »

IS ZZYAO dEC £909eys r
JIS_80FAO_MEC_CLOZYUS r
VIS ANI_PTEAO_MEZ_STTI2YS r
43S TTEAO_MEZ_8602ZUS |-
¥ES L[pIAO_ME¢_tiizus |
JIS ZIE€AQ MEZ €E€T12US r
9IS _0¢pAO_MEZ po0oRUS |
IS T¢PAOMEL zo0oeus |
IS 66ZAOMEL_0900RUS |
dNA_peZAOEZ_pGooRyS |-
VIS _GZTAOMEZ_L909'US |
IS Z6¢AO ME¢_gpooeus |
aANN_pZ7AO_MEZ_7602YS r
NT T 0TyAQ_MEZ_zelzus |-
0S¥ A5 BOEAQ_MEZ_80TzUS |-
dSy ¥AS 6ZAOMEC_60TZUS |
OSY_AaNN_69Z¢A0_MEC_0TTI2Z2YS r
DSV AAS HBEAO_MEZ_8¢TIzZUS |-
JSY ¥HS GZAQ_ME€Z_GZI2Yys r
DSV ¥HS DGCAO MEC 9C12ys r

n n o n n un n o [Te) n

. o~ o~ . . o~ N N

° 3 s T° ¢ s 9

sousn 7 T
T84T 9491

uoTssaxdxg (p) uoTrssaxdxd (9)

T 23K array prints { 44K array prints

! array print labeled “shae”

.
.

.

.

A
B



SVD Classification of Tumor Data

Nielsen et al., Lancet 359, 1301 (2002);
Alter, in preparation for CPMB.
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SVD Modeling of Genome-Wide
Transcript Size Distribution Data
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SVD Comparison of Time Courses

Eigenexpression Probability
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GSVD for Comparative Modeling of

Two Genome-Scale Datasets

Alter, Brown & Botstein, PNAS 100, 3351 (2003);
http://genome-www.stanford.edu/GSVD/.

GSVD formulates genome-
scale expression as a
superposition of the effects of
several independent sources,
such as regulatory programs,
biological processes and
experimental artifacts, that are
common to both datasets, and
several that are exclusive to one
of the datasets or the other.

Gene 1B Gene 2B

Source B
°
°
°

Source M

— Comparative Classification
— Comparative Data Reconstruction



Generalized SVD (I)

Linear transformation of two datasets from two genes
X arrays spaces to two reduced diagonalized
“genelets” X “arraylets” spaces.

Yeast Cell Cycle: Alpha Factor
Spellman et al., MBC 9, 3273 (1998).

Arrays Arraylets Genelets Arrays
gige (==l
aeaeaaeaaaagcrttd
Hg aaaaaaaaaaaa EFFI éﬁgﬁﬁgnuﬁgcggﬂgg
B e o CL R L e BRI e
H—OOLNONCIOMNO < H—00O——
OO THHLROT 000V ¥—hr—— LONOT~000 W—t—hr—r—t—tr—hr—r—ir— IO ~00C Ykl
0] /)] :7,7 = n ®n
9] Q = +
e = = = == X 3 X &
) [0} ~
0] 0] = == Q )
e — o a
== = g 0]
= — < 0]
= |
Arrays Genelets Arrays
HHHYHSNYNENYYY TR TRTRTRN
Yuunaacdaaaaaacada quy
nﬁﬁf RN NN szf [N NANNNAAN
ONIOONIMOONINO OO0
ANOOOr—r—tr—ir——IONCNONONONCNNMNMND)
1 1
— 2 2
= = 3 3
= = 4 4
—— 0 2 %
o o == 2 1 s 1
o o = 2 8 ) 8
& = & =—— x % 10 x °© 10
= == ——— g 11 £ 11
=—= == g 12 g 12
— — ——— < 13 13
= — = %4 %4
7:7 = = = 12 12
= — 17 17
——== = — —— 18 18

U

Angular Distance

$ TR0y

-/4
i/

/8

/4

o

Arraylets

) !
I
it

CO~IOUTLBWNHOWO~IULBWN-

e

Human Cell Cycle: Double Thymidine Block
Whitfield et al., MBC 13, 1977 (2002).



Generalized SVD (1I)

The genelets and arraylets are data-driven decoupled
superpositions of genes and arrays. The arraylets are
orthogonal (decorrelated) projections of the datasets
onto the space spanned by the non-orthogonal
genelets, that are shared by both datasets, with the
“angular distances” indicating the significance of
each genelet in one dataset relative to the other.
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GSVD is simultaneous linear transformation of the two expression datasets
from the two Ni-genes x M-arrays and No-genes X M-arrays spaces to
the two reduced M-“genelets” x M- "“arraylets” spaces,
~—1
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The antisymmetric “angular distance” between the datasets indicates the

relative significance of the mth genelet,

Om = arctan(ey /e ) — 7/4.

The transformation matrices u; and uy are both orthogonal, while, in

general, 7! is nonorthogonal,
1T # 1= iffay = i

where I is the identity matrix.



Math Variables — Biology (I)

Genelets of almost equal significance in both datasets
— processes common to both genomes:

Common Cell Cycle Subspace

(a) Arrays (b) Arrays
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Expression Level

Genelets of almost no significance 1n one dataset
relative to the other = genome exclusive processes:

Exclusive Synchronization
Responses Subspaces

(a) Arrays (b) Arrays (c) Arrays
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Genelet Most likely | P-value of Most likely | P-value of
and parallel parallel antiparallel | antiparallel

Classification | Dataset arraylet association | association association | association

a | Yeast Microarray 3 G1 2.1 x10~% Go/M 1.6 x 1018
4 Go/M 29x107% || G 1.1 x 10736

5 M/G4 1.3 x 10736 || S/Gq 7.2 %1078

14 Go/M 8.8 x 1078 Gy 2.6 x 10713
15 S/Ga 5.9 x 1077 Gy 3.3 x 10~

16 M/Gq 6.6 x 107° S 7.5 x 1073

b Traditional || 3 Gy 1.7x 1072 || Go/M 1.9 x 10~%
4 M/Gq 8.2 x 107 G, 2.6 x 10722

5 M/Gq 1.2x 1071 ||'S 5.4 x 10~*

14 Go/M 1.9x 1074 Gy 2.2x 1078

15 Go/M 3.2x1073 Gy 5.4 x 10714

16 M/G4 2.6 x 1077 S 1.5 x 1075

¢ | Human Microarray 3 Go/M 5.6 x 1073 G1/S 7.9 x 102
4 S 8.2x 1072 || M/Gq 1.3 x 1073

5 Go/M 6.9 x 1078 G1/S 6.4 x 107°

14 Go 3.3 x 10734 M/Gq 1.3 x 1073
15 G1/S 4.0x 10737 || Gqg 1.9 x 10737

16 G2/M 2.0x 107 || G1/S 3.0x 10710

d Traditional | 3 Go/M 1.0 x 1071 S 3.2x1073
4 S 1.5 x 1078 Gy1/S 7.6 x 1073

5 Go 4.9 x 1072 G1/S 1.2 x 107!

14 Go 6.6 x 1078 None 5.4 x 1071

15 G1/S 21x 10713 || Gy/M 2.1x 10714

16 Go/M 9.0x 10717 || S 1.1 x 107°

Estimate the probability for such a coherent biological theme to be reflected
in the annotations of a random unordered group of n; < N; genes with the
largest either positive or negative coefficients of the genelet, selected from
the group of all IV; genes in either dataset without replacements, where
K; < N; of them are annotated to be of a particular molecular function
or biological process, and where k; < K; of them are in the group of the

n; genes, using combinatorics:
—1 :
N- n;, (K \(N:— K-
P(kjng, N Kg) = | 0 s |D T
n; k:ki k n; — k



Math Operations — Biology (I)

Reconstruction of gene (array) expression in a subset
of genelets (arraylets) = experimental observation of
the cellular program (state) these genelets (arraylets)
represent, with no other processes (states) present:

Simultaneous Classification in
Common Cell Cycle Subspace ...

Saccharomyces cerevisiae

. outlines a correspondence between the groups of
yeast genes and those of human genes.




Math Variables — Biology (II)
Arraylets equally significant in both datasets
— cellular states of common processes

Simultaneous Classification in
Common Cell Cycle Subspace

Saccharomyces cerevisiae

(a) Arrays (b) Arraylets (c) Expression Level (d) Expression Le
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Comparative reconstruction of either dataset €;, where ¢+ = 1,2, in a given
subspace of K genelets and corresponding arraylets without eliminating

genes or arrays:

K

e; — € gleg g Ol

Comparative classification of either dataset €; in a given subspace of K > 2
genelets: First, least squares-approximate the genelets’ subspace with that

spanned by the two orthonormal vectors |z) and |y), which maximize

ém\(\xw 1) W) b).

Second, plot the projection of each gene of either dataset from the K-
genelets subspace onto |y) along the y-axis vs. that onto |z) along the
x-axis, normalized by its ideal amplitude, where the contribution of each

genelet to the overall projected expression of the gene adds up rather than

cancel out,
9 K K
Nip= X X € €] X

k=11=1
[(nlay ) (e gl (vl () el + [y) wl) ) -

Third, plot the projection of each array of either dataset from the K-
arraylets subspace onto SR | x) (vk|y) along the y-axis vs. that onto
S i) (vk]x) along the z-axis, normalized by its ideal amplitude.



Yeast Exclusive Synchronization
Response Subspace

=
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signal transduction of mating signal

filamentous growth (RAS2)
cell wall integrity II (RHOs)
cell polarity (ACT1)
pseudohyphal growth

ATP synthesis, ARP2/3 protein complex, histones
G1/S: CLB4, CLB5

phosphate, iron transport
cell cycle control: CDC28, CKS1, BCK2



Math Variables — Biology (II)

Arraylets insignificant in one dataset relative to other
— cellular state of an exclusive process:

Classification in Yeast Exclusive
Pheromone Synchronization
Response Subspace

(a) Arrays (b) Arraylets (c) Expression Level
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Human Exclusive Synchronization
Stress Response Subspace

interleukins, integrins, nexins




Classification In
Human Exclusive Synchronization
Stress Response Subspace

(a) Arrays (b) Arraylets (c) Expression Level
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Math Operations — Biology (I1I)

Data reconstruction in two subspaces — experimental
observation of differential expression of a genome in the
two cellular programs these subspaces represent:

Differential Expression in Yeast
During Mating and Cell Cycle

Pheromone Synchronization Response Subspace:
KAR4 is required for CIK1 induction during mating™

Common Cell Cycle Subspace: Mitotic expression of
CIK1 during S/G2 is independent of KAR4*
**Kurihara, Stewart, Gammie & Rose, MCB 16, 3990 (1996).



Differential Expression in Human
During Stress Synchronization
Response and Cell Cycle

Synchronization Stress Response Subspace:
Histones reach expression minima early in time course

Common Cell Cycle Subspace:
Histones expression peaks early in the time course



Which yeast and human genes exhibit periodic
expression during the cell cycle?

Is there a relation between DNA replication and
RNA transcription that is manifested in both the
yeast and human genomes?

Are there only three cellular modules that drive
both the yeast and human cell cycles?

Can we design a synthetic genetic network
analogous to the 3-transistor ring oscillator circuit,
which would simulate the yeast and human cell
cycles?

Can we 1dentify new orthologs or new promoter
motifs by comparing the sequence information for
the groups of yeast and human genes that GSVD-
correspond to one another?

Can we predict differential expression of yeast
and human genes that would be validated by
experiment?



Angular Distance
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Number and RNA Expression

GSVD Comparison of DNA Copy
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significant difference

Pollack et al., PNAS 99, 12963 (2002).
Breast cancer cell lines show higher expression of
proliferation genes and lower expression of genes that
represent tissue diversity than breast cancer tumors.

This

quantitatively

expression results from an insignificant difference in

DNA copy number, if at all.



Pseudoinverse Integrative Modeling

of Genome-Scale Datasets

Alter, Golub, Brown & Botstein, Proc. MNBWS 15 (2004),
http://www.med.miami.edu/mnbws/Alter-.pdf;
Alter & Golub, in preparation.

i : Data Array A
Pseudoinverse approximates the ata Array

arrays of any number of genome-
scale datasets as a superposition of
the arrays of one dataset, designated
the “basis” set.

Data Array B

Basis Array B
Data Array C

®
°
PY Data Array D
Basis Array M

— Integrative Data Reconstruction

— Integrative Data Classification Data Array L



Pseudoinverse Projection

Linear transformation of the genome-scale data from ORFs X data arrays
space to reduced basis arrays X data arrays space.
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Moore-Penrose pseudoinverse projection of the data matrix d onto the basis
matrix b is then linear transformation of the data d from the N-ORFs x

L-data samples space to the M-basis samples x L-data samples space,
d — l;é,
bld = C,
where the matrix ZST, i.e., the pseudoinverse of I;, satisfies
bbb = b,
bibbT = bl
(b1 = bbT,
(0" =0T,
d

such that the transformation matrices bb' and b

|
S>> O~y O

|
S

b are orthogonal projection
matrices.



Pseudoinverse Projection
Integrative Analysis of
Cell Cycle RNA Transcription ...

(a) p=71/2 (b) ®=71/2 (c) $=r/2

... and Proteins’ DNA-Binding

Binding of Transcription Factors:

Mbpl, Swid, Swi6, Fkhl, Fkh2, Ndd1, Mcml, Ace2, Swi5
Simon et al., Cell 106, 697 (2001).

Binding of Replication Initiation Proteins:

Orcl, Mcm3, Mcm4, Mcm?7
Wyrick et al., Science 294, 2397 (2001).



Math Variables — Biology (I)

Pseudoinverse correlations define the transformation
of variables — transformation of the patterns of the
data into the patterns of the basis:

Eigenarrays

(a)

Correlation

(b)
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Math Variables — Biology (II)

Pseudoinverse data reconstruction = experimental
observation of only the cellular states manifested in
the data that correspond to the states manifested in the
basis:
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Integrative reconstruction of any one of a number of datasets d in the basis

set b without eliminating ORF's or samples,

M
d;) — X bm),

that least-squares-approximates each of the samples that constitute the
data matrix d by a linear superposition of the samples that constitute the
basis matrix b.

Integrative classification of the reconstructed data samples by similar-
ity in the contribution of each of the basis samples to their overall profile
rather than by their overall profile alone.



Pseudoinverse Integrative Mapping
Novel Correlation: DNA & RNA
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Probabilistic Associations by Annotations

Microarray annotation

Traditional annotation

Parallel association

Antiparallel association

Parallel association

Antiparallel association

Dataset | Array Most likely [ P-value of Most likely [ P-value of Most likely [ P-value of Most likely | P-value of
Binding of MBP1 G, 1.6 x 10~ || None 4.0 x 1073 Gy 2.7 x 10719 [ None 9.3 x 1072
cell cycle SWI G1 1.5 x 10717 || None 1.2 x 1071 Gy 2.7 x 1077 None 9.3 x 1072
transcription SWI6 Gy 4.7x 10732 || Go/M 7.3x 1072 Gy 4.8 x 107 || Go/M 4.4 x 1072
factors FKH1 S/Gs 7.2 x 1074 None 3.5x 107! S/Go 4.0 x 1072 S 3.9x 107!
FKH? G2/M 3.9 x 107! || None 8.3 x 1072 G2/M 3.7 x 1076 None 2.7 x 1072

NDD1 Go/M 2.0x 107 || Gy 9.5 x 1072 Go/M 5.0 x 107° M/Gq 3.3 x 107!

MCM1 Go/M 1.2x 10712 || Gy 4.0 x 1073 Go/M 1.6 x 1077 Gy 3.3 x 1072

ACE?2 M/G; 1.1x 1073 Go/M 8.4 x 1073 M/G; 1.1x 107! S 7.8 x 1072

SWI5 M/G, 1.3x 1071 || Gy 4.5 x 1075 M/Gq 6.2 x 1074 Go/M 6.2 x 107°

Binding of ORC1 None 4.0 x 1073 Gy 4.3 x 1073 || None 2.2 x 1071 Gy 5.0 x 1072
DNA replication MCM3 None 4.5 x 1074 Gy 7.9 x 10719 || None 2.7 x 1072 Gy 5.0 x 10~4
initiation proteins MCMY None 1.3 x 102 Gy 1.2 x 1078 None 4.0 x 1073 G1 2.4 %1073
MCM?7 | None 1.3 x 1072 Gy 7.9 x 1071° || None 2.7 x 1072 Gy 5.0 x 1074

a factor 1 0 min Go/M 3.2x107° Gy 4.9 x 1077 || M/G; 4.4 %1079 Gy 7.0x 10714
cell cycle 2 7 min M/G, 5.7x 1074 S 1.3 x 1076 M/Gq 1.3 x 1072 S 3.4 x 1076
expression 3 14 min Gy 4.3 x 10726 Go/M 32 x 106 Gy 4.2 x 1077 S 3.4x 1076
time course 4 | 21 min Gy 3.9 x 10757 || Go/M L.1x107%8 || Gy 7.0 x 1071 || M/Gy 1.7x 1077
5 28 min Gy 4.5 x 10719 || Go/M 6.2 x 10716 || Gy 2.0 x 1071 || M/Gy 4.5 x 1079

6 | 35 min S 2.1x 10710 || M/G, 2.1x 10720 || S 3.4 x 1076 M/Gy 4.4 %1076

7 | 42 min S/Ga 1.2x 1071 | M/Gy 48 x107% | S 1.0 x 1072 M/G, 1.1x 10712

8 | 49 min Go/M 6.2 x 10716 || M/G, 4.7 x 10730 || Go/M 7.6 x 1073 M/G, 1.1x 10712

9 | 56 min G2/M 3.1 x 1073 || Gy 6.8 x 10751 || Go/M 2.7 x 1078 G 3.5 x 1071°

10 | 63 min G2/M 6.2 x 10716 || Gy 6.7x 10716 || Go/M 5.7 x 10 Gy 4.2 x 1078

11 | 70 min M/Gy 1.6 x 10721 || S/G, 4.1 x 1079 M/Gq 1.7 x 1077 S 3.4 x 1076

12 | 77 min Gy 5.1x 1076 || S/G, 1.4 x 1077 Gy 2.3x 1072 || S/Gy 5.5 x 1073

13 | 84 min Gy 5.7x 10734 || Go/M 1.4 x 10721 || Gy 1.6 x 10716 || Go/M 1.1 x 1076

14 | 91 min G, 1.8 x 1078 Go/M 8.4 x 1079 S 3.4 x 1076 Go/M 6.6 x 1072

15 | 98 min S/Ga 3.3x1073 M/G; 2.0 x 1073 S 3.4 x 1076 M/G, 1.3 x 1072

16 | 105 min | Gg/M 4.8 x 1074 M/G4 3.3x 10718 || Gy/M 7.6 x 1073 M/Gy 8.8 x 107°

17 | 112 min || Gg/M 3.1x10710 || M/Gy 3.3x 1071 || S/G, 5.5 x 1072 Gy 3.8 x 1076

18 | 119 min || Gy/M 33 x 1071 || Gy 9.6 x 1072 || Gy/M 3.0 x 1075 G, 4.2 x 1078

Overexpression 19 | CLB2 G2/M 21 x 1075 [ Gy 73x107% [ Go/M 70x 1071 [ Gy 9.2 x 1077
of cell cycle 20 | CLB2 Go/M 1.0 x 1075 || Gy 1.2 x 10731 || Go/M 7.0x 107 || Gy 2.0 x 10714
regulators 21 | CLNS8 Gy 1.2 x 1078 || M/G; 6.5x 10713 || Gy 5.2x 10727 || Gg/M 1.0 x 10™*
22 | CLN3 Gy 51x 107 || Go/M 45x 10718 || Gy 1.1x 1071 || Gy/M 1.0 x 1074




Microarray annotation

Traditional annotation

Parallel association

Antiparallel association

Parallel association

Antiparallel association

Dataset | Array Most likely | P-value of Most likely | P-value of Most likely | P-value of Most likely | P-value of
CDC15 1 10 min M/Gq 1.1 x1073 G2/M 52 x 1078 G2/M 1.4 x 1072 S 2.1x 1072
cell cycle 2 | 30 min Gy 1.4 x 10712 || Go/M 41x 1072 || Gy 2.9 x 107° G2/M 1.4 x 1073
expression 3 50 min Gy 2.3 x 1072 || Go/M 1.5 x 10730 || G 49 x 107 | Gy/M 1.6 x 1077
time course | 4 | 70 min S 2.5 x 1078 M/G; 2.8x 1071 |'S 2.6 x 1075 M/G, 1.6 x 107°
5 | 80 min S/Ga 2.2 x107° M/G, 9.6 x 1071 || S 1.0 x 1073 M/G, 7.6 x 1077
6 90 min Go/M 3.8x1020 || Gy 3.0x 10720 || Go/M 9.3 x 1075 e 3.2 x 1079
7 | 100 min || Go/M 3.8x 10720 || Gy 2.3x107% || Go/M 9.3 x 107° Gy 3.2 x107°
8 | 110 min || Go/M 2.0x107% || G; 1.9x 10727 || Go/M 3.9 x 1079 G, 2.4 x 1010
9 | 120 min || Gg/M 9.3x 1071 || Gy 6.8 x 10712 || Go/M 1.4 x 1073 S 2.6 x 107°
10 | 130 min || M/Gy 42 %1071 || S 4.5 x 1073 M/G 7.6 x 1077 S 1.0 x 1073
11 | 140 min || G 3.0x 10720 || S/G, 8.6 x 1078 Gq 3.7 x 1076 Gao/M 1.4 x 1073
12 | 150 min || G 1.3x 10718 || Go/M 4.7 x 107° Gy 3.8 x 1078 Go/M 1.4 x 1072
13 | 160 min || Gy 6.8 x 10712 || Go/M 4.7 x 1075 Gy 4.0 x 1077 G2/M 1.4 x 1073
14 | 170 min || Gy 1.2 x 1074 M/Gq 2.7 x 1074 S 2.6 x 107° G2/M 1.4 x 1072
15 | 180 min || S 1.1x1073 M/G; 5.9 x 107° S 1.0 x 1073 None 3.5 x 107!
16 | 190 min || Go/M 4.7 x 1074 Gy 1.0x107 || S 1.0 x 1073 M/Gq 2.7 x 1073
17 | 200 min || Go/M 4.6 x 10710 || G4 1.5x107° Go/M 1.4x1073 M/G, 2.2 x 1072
18 | 210 min || Go/M 1.5 x 1071 || Gy 3.0x 10720 || Gy/M 1.4 x 1073 Gy 3.2 x107°
19 | 220 min || Go/M 2.3 x 10717 || Gy 1.5 x 1075 G2/M 1.4 x 1073 Gy 8.7 x 1072
20 | 230 min || Go/M 1.4 x107° Gy 5.0 x 1076 Gy /M 9.3 x 107° (e 8.7 x 1072
21 | 240 min || Go/M 1.1 x 1078 S 4.9 x 1072 M/Gq 2.4 x10~* S 2.2 x 107!
22 | 250 min || M/G; 1.2x 1071 || S/Gq 1.2 x 107! M/G, 2.8 x 1078 S/Ga 1.3 x 1072
23 | 270 min | M/Gy 1.2 x 1075 G2/M 3.5 x 1073 M/Gq 1.6 x 1075 G2/M 1.4 x 1072
24 | 290 min || M/G; 5.9 x 107° Go/M 4.7 x 1074 M/Gy 2.4 %1074 G2/M 1.4 x 1072




The genome-scale binding profiles of ORC1, MCM3,
MCMH4, and MCM7 are correlated with transcription
minima during the cell cycle stage G1.

Novel Genome-Scale Correlation

Replication <« Transcription
Predicted By Data-Driven Models

Replication may regulate transcription:
The binding of ORC and MCM proteins, which is
known to be required for initiation of replication
at origins across the yeast genome, represses, and
possibly inhibits the transcription of genes that are
located near the origins.

Transcription may regulate replication:
The transcription of genes at G1 reduces the
efficiency of origins that are located near the
transcribed genes.

— This 1s the first time that a data-driven
mathematical model has been used to predict a
genome-scale biological principle.

— This 1s the first time that the mathematical tool of
pseudoinverse projection has been used to
understand one genomic dataset in light of
another.



Conclusions

SVD GSVD Pseudoinverse
Comparative Integrative
Modeling Modeling Modeling

Data Array A
Data Array B
Data Array C

Data Array D

Data Array L

>
7
..... .. .. .. ..

— Data Normalization — Comparative Data Reconstruction — Integrative Reconstruction
— Data Classification — Comparative Classification — Integrative Classification
— Data Incorporation



Astronomy

Molecular Blology
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Modeling Kepler
Basic
Principles Newton
Technology NASA Control of Cellular Mechanisms




New Biology < Innovative Math

Network Decomposition:
From Systems to Pathways
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Thanks!!!

Gene Golub
David Botstein
Pat Brown

Matt van de Rijn

_Stanford Microarray Database _

And, thank you!!!
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